The remotely sensed Landsat Enhanced Thematic Mapper Plus (ETM þ ) dataset is used for the detection and delineation of water bodies in hilly zones. The water bodies were detected using Surface Wetness Index (SWI), Normalised Difference Vegetation Index (NDVI) and a slope map.
INTRODUCTION
Over 1.2 billion people in the world do not have access to clean water to meet their basic needs and 2.6 billion do not have access to basic sanitation (WHO 2003) . More than 27 nations are facing water scarcity and 19 nations are considered as water-stressed (WRI 2004) . In fact, there is no real water shortage, but it is a matter of managing and distributing the resources better . Imbalance between availability and demand, degradation of water quality, depletion and lack of security in groundwater availability, inter-sector and intra-sector competition, and inter-regional and international conflicts are the most common waterrelated problems. In addition to that (1) increasing degraded and desert lands, (2) increased trend of salinisation and water logging as an impact of over-irrigation, and (3) high demand for fresh water for urban and industrial use are widely identified basic issues in water resource planning and management. These problems and issues affect applications of people-environment-focused integrated water management . It demands basic information about the quantity, quality and distribution of available water resources.
Some of them have used satellite data and GIS techniques for estimations of the total volume of water in man-made as well as natural water bodies (Bhagat 2008) and pollution in water bodies including oceans, rivers, lakes and groundwater (Kumar et al. 2007; Pawar et al. 2008) . The estimations include the area covered and spread of water storage and river tracks in floods and ocean water in high tide conditions in coastal areas. These techniques have become more useful in developing early flood warning systems (Mioc et al. 2008) .
Remote sensing techniques have been used to estimate water availability and productivity (Dam et al. 2006 ) with flood and drought affects on agriculture (Patel 2006) .
The poorest of the poor are most affected by the lack of access to a water-based productivity system ). Agriculture is a major user of the available fresh water for irrigation. Irrigation performance analyses have suggested that irrigation systems need to be rehabilitated and modernised to improve performance (Pavlov et al. 2006 ) and reach the poorest people. Agricultural water balance and the volume of irrigation water as compared to economic output and expenditure are considered as irrigation performance indicators. The available water should be used as irrigation security against the conditions of crop failure in droughts (Bhagat 2004) . All these situations are suggesting the need for water volume estimations prior to applications.
Remote sensing techniques are used for estimations of water bodies by many researchers and planners in different fields, viz. hydrology, oceanography, ecology, etc. However, most of the manmade water reservoirs are located in hilly zones. Fresh water and topographic shadows appears similar in optical-infrared remote sensing data and cause confusion in the detection and delineation of water bodies in hilly zones (Small 2004) . Automated delineation of shadows remains a challenging task (Racoviteanu et al. 2009 ) and visual interpretation with manual editing has been widely suggested for the correction of topographic shadowing effects. In the present study, an automated delineation technique is used to separate the water bodies and assessment of areas under topographic shadows in estimated water bodies using remote sensing data.
It is possible to assess the surface wetness by applying conventional as well as remote sensing methods. Tasselled cap transformed derivatives (TCTD) based on Landsat 4 (Crist & Cicone 1984; Crist 1985) , Landsat 5 (Crist et al. 1986) and Landsat 7 (Huang et al. 2002) at-satellite reflectance are useful in estimating surface brightness, greenness, wetness, Remotely sensed data has been widely used for forest classification and their correlations with parameters like slope, soil moisture and water table (Gong et al. 2004; Bhagat 2009 ). Forest studies extensively utilize ETM þ (Landsat 7
Enhanced Thematic Mapper Plus) datasets for forest identification and classification (Gong et al. 2004; Ramsey et al. 2004) with a good accuracy level. The Normalised Difference Vegetation Index (NDVI) based on the ETM þ dataset is potentially useful to delineate whether the lands have green cover or not (Kiage et al. 2007 ).
In the present study, Landsat 7 ETM þ data is used for preparing SWI and NDVI. The SWI raster image is prepared using TCTD (Huang et al. 2002) . Wilson dam on the Pravara River was constructed after the satellite data was captured (December 2000) . This new water body is not recorded in the data used for this study.
DATABASE AND SOFTWARE USED
The analyses for the present study are based on remotely sensed data and field checks. The rectified Landsat 7 ETM þ dataset (1)) is estimated using bands 1-5 and 7. The Normalised Difference Vegetation Index (NDVI) (Equation (2)) is estimated using the red and infrared The SWI (Equation (1)) is calculated using at-satellite- The SWI is used to classify the reviewed area into 'water' and 'no-water' with the help of the 'slicing' operation in ILWIS.
The 'slicing' operation in ILWIS is useful for permanent classification of raster images using fixed threshold values.
However, the class 'water' includes areas of deep soils covered by dense 'evergreen and deciduous' forest and areas under 'topographic shadows' where SWI is comparatively larger. This added area has to be separated from the class 'water'. The validation was carried out by intensive field checks.
Normalised difference vegetation index (NDVI)
Band 3 (red) provided a vegetation discrimination ability, as well as a heightened contrast between vegetated and nonvegetated areas (e.g. bare soil and roads). Band 4 (IR) allows the separation between water bodies and vegetation (Dupigny et al. 1999; Frazier & Page 2000) . Therefore, the Normalized Difference Vegetation Index (NDVI) (Equation (2)) has a great potential for discrimination of the areas under water from other land cover (Sanyal & Lu 2004; Kiage et al. 2007 ).
However, permanent water bodies like ocean water show a response in the visible region due to phytoplankton pigment which imparts a green colour to the sea water (Dayaker 2003) .
The water bodies taken into consideration for this study are water quality. Here, the classified SWI raster image has been combined with a classified NDVI raster image for the detection of areas included in water bodies. The classes generated in this combination showing similar characteristics are merged using GIS software.
Classified SWI and NDVI raster images
The combination ( Figure 5 ) of classified SWI (Figure 3 ) and NDVI ( Figure 4 ) raster maps prepared in 'approach I' has generated four classes (Table 1) 
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Figure 5 9 9 9 9 Schematic for image processing. Table 2 ) land in the study areas. Therefore, the area of shadows on 'very steep to precipitous' slopes included in the class 'water' was delineated from the water bodies by separating the areas of 'very steep to precipitous' slopes. The spatial query was performed using a simple overlay technique, i.e. logical operators for the delineation.
Finally, water bodies in the form of reservoirs, small tanks built on small tributaries and some land covered by a thin water film due to springs have been detected.
RESULTS AND DISCUSSION
Approach I
Distribution of water and non-water areas based on SWI
The surface wetness index estimated using at-satellite reflec- under other land cover (Table 3 ). The water bodies includes major dams, small tanks built on small tributaries and springs in the foothill zones. However, the areas of high wetness in deep soils covered by dense deciduous and evergreen monsoon forest and shadows on sloping areas on northern hill sides are also included in the class 'water'. Also (1) all types of other forests, (2) rocky and barren land, and (3) sandy, rocky and barren areas in rivers and dams are included in the category 'non-water'. Thus, the estimated area of water bodies includes deep soils covered by dense forests and shadows which have to be separated. (Figure 6 ).
Detection and correction of shadows' effect
The assessment of the shadows' effect is omitted in the process of map combination, i.e. (1) water bodies with shadows ( Figure 6 ) and (2) the distribution of slopes (Figure 2 ). The area under water bodies ( Figure 7 ) is estimated as about 3.8% (1370 ha) of the total area reviewed in the present study (Table 6 ). About 0.7% (225 ha) of the total reviewed area is covered by topographic shadows, which are included in water bodies detected in the previous combination.
Thus, the area under 'water bodies' estimated using the Figure 6 9 9 9 9 Estimated water bodies based on SWI and NDVI. in the 'Error matrix' (Table 7) and accuracy estimated at the user's, producer's and overall accuracy level.
The overall accuracy of the classified final map is estimated at about 91.74% with variation in producer's and user's accuracy. The major water bodies are estimated up to 96.77%
for the producer's and 100% for the user's accuracy. The assessment of the areas under shadows is omitted using simple topographic information in GIS. However, the slope map generated for the study has some errors in slope calculations. In the process of final combination, some areas under major water bodies at the border are omitted due to this miscalculated slope area. These incorrect digital calculations have reduced the accuracy of the classified map. The small rivers have less producer's (95.83%) and user's (92%) accuracy. The springs are more unstable, while thin and confused water bodies in nature are estimated at about 92.31% producer's and 85.71% user's accuracy. Some of the springs may become dry after the process of image capturing. Figure 7 9 9 9 9 Distribution of water bodies. 
CONCLUSIONS
The detection of water bodies provides the information base for better planning, managing and monitoring water resources.
The remotely sensed Landsat ETM þ dataset is useful for the detection and delineation of water bodies. The SWI generated using at-satellite reflectance based on Tasselled Cap Coefficients (Huang et al. 2002 ) is useful to get the combined effect of producer's and 100% user's accuracy for major water bodies in the study area. The relatively smaller water body objects,
i.e. streams and springs, have less estimated producer's (92-96%) and user's (85-92%) accuracy.
The methodology formulated in this study may become an effective and rapid assessment tool prior to planning for available water resources in hilly zones, flood-affected and waterlogged areas based on previously acquired techniques for the identification of surface wetness levels and forest classifications using remotely sensed data and slope maps.
